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Abstract 
A detailed and on-line knowledge of the electrical load demand by the users is a critical issue for an effective and 
responsive deployment of home/building energy management. An approach based on the application of Non Intrusive 
Appliance Load Monitoring (NIALM) techniques copes with the goal of disaggregating composite loads; but to get a high 
level of precision, NIALM algorithms need a complete load signature and complex optimization algorithms to find the 
right combination of single loads that fits the real electrical measurements. On the other hand, it is practically impossible 
to get the detailed signature of all appliances inside a house/building and sophisticated optimization algorithm are not 
suitable for on-line applications. To overcome such problems a straightforward NIALM algorithm is proposed, it is based 
on both a simple load signature, rated active and reactive power and a heuristic disaggregation algorithm. Of course, it is 
expected that on real applications, this approach cannot reach very high performances; this is the reason why an active 
involvement of users is considered. The users’ feedback aims to: correct the load signatures, reduce the error of 
disaggregation algorithm and increase the active participation of users in saving energy politics. The NIALM algorithm 
has been accurately tested numerically using as input load curves generated randomly but under given constraints. In this 
way, the causes of inefficiency of the proposed approach are quantitatively analyzed both separately and in different 
combinations. Finally, the increase of the efficiency of the NIALM algorithm due to the application of different feedback 
actions is evaluated and discussed. 
 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of KES International. 
Keywords: Energy Disaggregation, Feedback, Nialm 
 
 
* Giuseppe Marco Tina. Tel.: +39-0957382344 
E-mail address: giuseppe.tina@dieei.unict.it 
Available online at www.sciencedirect.com
© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
eer-review under responsibility of KES Internatio al
 Valeria Amenta  and Giuseppe Marco Tina /  Energy Procedia  83 ( 2015 )  380 – 388 381
1. Introduction 
In recent years there has been a radical change of the energy market due to the presence in distribution networks of 
renewable energy sources such as, for example, photovoltaic systems or wind turbines. The energy flows, not only 
from large power plants to end users, but is produced in discontinuous manner, by a large number of generators 
located in different places. For this reason, the management of energy flows becomes even more critical in order to 
ensure the efficiency of the electricity grid and to maintain a proper balance between production and consumption.  
At the same time, a further revolution has interested the evolution of the traditional network of the energy that is the 
so-called “Smart Grid”. A Smart Grid is a smart network that combines the use of traditional technology with 
innovative digital solutions, making the management of the electricity grid more flexible thanks to a more effective 
exchange of information. This system allows for monitoring, analysis, control and communication within the supply 
chain to help improve efficiency, reduce the energy consumption and cost, and maximize the transparency and 
reliability of the energy supply chain. In this new energy scenario, residential users are expected to play a key role in 
improving efficiency of the network, through the adoption of mechanisms intelligent management of energy 
demand. In the new smart grid, in fact, an huge amount of data is made available to users such as, for example, 
information provided in real-time or on the economic value of the energy consumption home devices.  
There are different approaches for implementing energy efficiency programs, and basically two types of actions can 
be taken: by changing the behaviour and habits of the customers in what concerns the use of home appliances or by 
making investments in energy-efficient technologies. Many times, in order to achieve a significant improvement in 
energy savings, these two actions must be implemented simultaneously. The development of innovative digital 
technology allows the monitoring of the entire network to act promptly on faults and ensure optimum supply of 
electricity. In this system, in constant evolution, the user becomes the protagonist using electronic devices that make 
transparent consumption, encourage its active participation in the energy market, and promote rational use of 
energy. Know and understand his own habits in terms of consumption is the first step to a more efficient use of 
electricity and it allows identifying potential savings in the bill respecting the environment.  
In order to achieve the National and European targets about emission reduction, economic competitiveness and 
energy security, a crucial role is assigned to the consumers, they also have to behave more and more efficiency-
oriented. 
Today they can have the opportunity to participate actively in energy markets and in the next future, the customers 
would be involved in the management of the smart grids by means of the optimal management of loads, local 
generation (e.g. photovoltaic systems) and storage system.  
In such a dynamic context, the improvement of the energy awareness at household level is one of the major issues in 
future energy research [1].  
Nowadays commercial solutions to improve the management of energy demand have centred on the deployment of 
smart meters and in-home energy displays with an interface user friendly.  
Based on this hardware, the energy disaggregation or Non-Intrusive Appliance Load Monitoring (NIALM) systems 
are under rapid development. A NIALM system reads real-time data from a smart meter, usually positioned at the 
point on the public electricity network at which the customers is connected, and uses algorithms not only to quantify 
how much energy is used in the home, but also to determine what main devices are being operated. 
In literature many NIALM algorithms are proposed, they can be classified into two main approaches, namely: 
supervised and unsupervised learning algorithm ([2], [3]).  
In [4] and [5] a wide variety of optimization strategies, such as integer linear programming and pattern recognition 
methods like artificial neural networks are described.  
The general technique starts from learning input data, in the form of examples, to realize systems for the synthesis of 
new knowledge through classifications and generalizations. Its aim is to exploit the enormous computing power 
available in the computer to explore all the ways in which learning can take place automatically and statistical 
methods and computational techniques are used to achieve the results. 
In [6] the following requirements, that contribute positively to define a good NIALM approach are described:  
1) feature selection: the feature that characterize the appliances should be sample at 1 Hz; 
2) accuracy: the minimum acceptable accuracy of the disaggregation algorithm is 80%-90%; 
3) no training: no training algorithm should be necessary; 
4) near real-time capabilities: the algorithm should perform in real time; 
5) scalability: the algorithm should be scalable if the number of used appliances increase from 10 to 20; 
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6) various appliance types: the types of used appliances should be various (on-off appliances, multistate 
appliances, continuous consuming appliances, and permanent consuming devices). 
Another important requirement to obtain a good NIALM approach is to involve the final user on the disaggregation 
algorithm, as in [7] has been demonstrate how using disaggregation method can lead to energy savings of up to 12% 
through a real time energy feedback at appliance level. This is consistent with the wealth of literature focusing on 
how provision of feedback to households on energy use data can facilitate energy savings [8] [9] [10] [11]. 
In this context, a new load disaggregation algorithm that respect the requirements above mentioned and exploits 
feedback algorithms has been developed.  
The research focuses on the development of a software tool to direct, instantaneous non-intrusive load monitoring 
and energy disaggregation of individual home appliances.  
Therefore, the final aim is to provide a service to the user that provides whole-house real-time energy monitoring 
and dynamic pricing from electrical energy retailers in an attempt to motivate users to shift or reduce their energy 
consumption.  
Particular attention is devoted to define the feedback functions and to evaluate their positive effects on the reduction 
of disaggregation errors.  
The paper is organised as follows: in section 2 the disaggregation algorithm and the function to generate a random 
and controlled load profiles are described; in section 3, the users’ feedback is defined and the different feedback 
algorithms are described; in section 4, experimental results are reported and described, and, finally conclusions and 





CS   contemporary switching  
GLP  global load profile 
GLPd  disaggregated global load profile 
GLPg  generated global load profile 
NIALM  non intrusive appliance load monitoring 
PQ-DA  P and Q Disaggregation Algorithm 
SS  simultaneous switching  
Variables 
Ce  cumulative error 
DGP, DGQ factor for load profile characterization 
sj  generically sample between [1 ….ns] 
KGP, KGQ factor for load profile characterization 
na  number of the appliances 
nS  number of samples 
Pgd  power of the disaggregated load profile at the j-th sample 
Pgg  power of the generated load profile at the j-th sample 
Pn  rated active power (W) 
PFn  rated power factor 
Qn  rated reactive power (VAr) 
'Smin  minimum number of samples 
'Pmin  minimum active power variation to detect a switching 
'Qmin  minimum reactive power variation to detect a switching 
ηP   disaggregation energy efficiency (%) 
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2. Load Profile Generation and Disaggregation Algorithm 
The proposed disaggregation algorithm utilizes a simple electrical signature based on two features: active (P) and 
reactive (Q) power [12] (hereinafter, we name it as P and Q Disaggregation Algorithm –PQ-DA).  
In a realistic NIALM implementation, the users have to provide data input to the disaggregation algorithm, these 
pieces of information needed for load signature are reported normally on labels stuck on the appliances.  
Specifically the user is required to communicate the list of appliances and for each appliance the following data: 
typology (on/off, multistate, so on), nominal electrical characteristics (Pn, Qn) and some other information related to 
the time of use (e.g. daily or weekly switching frequency and duration of the operating time).  
This input procedure can imply some problems related to the completeness and correctness of the information 
provided by the user.  
As matter of fact, the efficiency of PQ - DA is impacted negatively by the following issues: 
¾ Quality of the input: information about appliances are missing or incorrect. 
¾ Difference between measured power and rating of the appliances (due to, for example, the effect of the 
variation of the voltage). 
¾ Operational complexity: two or more appliances are switched at the same time (e.g. simultaneously one 
appliance turns on and another turns off). 
Before implementing PQ-DA in a realistic context, it is crucial to test its performances numerically by means of the 
generation of random load profiles, named Global Load Profiles – GLPs, according to specific constraints in such a 
way to reproduce most of the situations that the disaggregation algorithm has to face in a real context.  
Two disaggregation efficiencies, ηP and ηS, have been defined [12]. The first efficiency, ηP, is based on the 
difference, sample by sample, between the energy of the generated GLP, GLPg, and the energy of the disaggregated 
GLP, GLPd. The second efficiency, ηS, is based on the different, sample by sample, between the generated status of 
each appliance, and the disaggregated status of each appliance.  
The input parameters that are needed to be set to generate a random GLPg can be classified in two groups:  
- Appliance data: number of the appliances (na), range of variation of both rated active power (P n,min÷P n,max) 
and reactive rating power of the appliances (Q n,min ÷Q n,max). 
- Algorithm parameters: number of samples (ns), minimum number of samples between a switch on and a 
switch off of an appliance, 'Smin. 
Related to the electrical characteristics of the appliances, there are two important aspects that impact greatly the 
efficiency of the disaggregation algorithm:  
- Nominal power of appliances: when in a domestic dwelling, either there are appliances whose rated powers 
are too small or they differ less than a given power threshold, 'Pmin, the disaggregation efficiency tends to 
decrease. The use of reactive power allows to partially overcoming this problem, but from a realistic point 
of view, the measurement of the reactive power involves other problems especially under current and 
voltage deformed regime. In this context two factors that characterize a given group of appliances have 
been defined [12], that is: KGP (ratio between the minimum power in the set of appliances and 'Pmin) and 
DGP (the smallest value among the values obtained from the differences between the rated power of i-th 
and j-th appliance). The similar factors can be defined for the reactive power (KGQ, DGQ). 
- Multiple switching: in this context two cases can be considered: 
o Contemporary Switching (CS): two or more appliances are switching on (or off), at the same time. 
o Simultaneous Switching (SS): two or more appliances change the state simultaneously, some turn 
on and others turn off. 
 
In Fig. 1 c, a GLPg of both active (solid line) and reactive (dashed line) power is shown. These curves have been 
built starting from the status profile of two appliances (App1 (Fig. 1 a) and App2 (Fig. 1 b)). The rated powers of 
App1 and App2 are, respectively: Pn,1=28 W, Q n,1=30 VAR and Pn,2=30 W, Qn,2=60 VAR  
The two vertical lines, CS1 and CS2, show respectively the switch on and off, of both appliances, whereas the third 
line, SS1, shows a simultaneous switching; in fact, at the same time App1 switches on and App2 switches off. It is 
worth noticing that the variation of the active power 'P is equal to – 2W, so it is smaller than 'Pmin (that has been 
set equal to 4W), so a disaggregation algorithm based only on active power measurements cannot detect this 
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transaction. On the other hand, the variation of the reactive power 'Q is equal to – 30 VAR, so it is greater than 
'Qmin (that has been set equal to 20 VAR), so it can be detected by PQ-DA. 
However, for all these reasons, PQ-DA algorithm is unable to obtain exactly which is the real status of all 
appliances. To improve the results, a Feedback Algorithm has been developed. 
 
 
Fig. 1 Example of construction of a GLPg (c) starting from the status profiles of two appliances: App1 (a) and App2 (b) 
3. Feedback Algorithm 
In [13] a review about electricity consumption feedback is analysed, two different feedback actions are identified 
and classified as: direct feedback action and indirect feedback action.  
The direct, or real time, feedback is immediate and it comes from a meter or a display monitor, in the indirect 
feedback methods the information are processed in some ways, e.g. more detailed electricity bills or household- 
specific advices for reducing electricity usage.  
The context in which we define our feedback algorithm is a mix of direct and indirect actions.  
In real time, the results of the NIALM algorithm are shown, but for a series of reasons if, there are some differences 
respect with the real status of appliances, the user may interact with the system.  
The domestic user can play a key role in disaggregation context, by means of a dedicated web site that provides not 
only information about electricity usage, but also the results of disaggregation algorithm [1]. In fact, it is supposed 
that the customer engagement can allow an important improvement of the PQ - DA efficiency. Two different kinds 
of interactions, i.e. feedback, can be defined, hereinafter described: 
 
- Check status: the user is required to confirm the status of one or more appliances taken from a list of appliances 
suggested by the web site. By means of such information, the PQ – DA changes the status of the appliances 
coming from its output. 
- Verify signature: the user is asked to turn on and/or turn off a specific appliance, in order to revise the signature 
of the i-th load. This feedback is required if the user, during the input procedure, has not been able to provide all 
the needed information related to nominal power of appliances. Therefore, this second feedback allows to solve 
the problem linked to the quality of the information. 
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If a complete and precise information is provided, it is not necessary to implement the “Verify signature” feedback 
but the attention has to be focused on the “Check status”.  
To evaluate the NIALM algorithm an index Ce (Cumulative error), based on the difference, sample by sample, 
























)( ;  sj=[1….ns]       (1) 
Where: 
i is the i-th sample; 
ns is the number of samples; 
Pgd is global disaggregated load profile; 
Pgg is global generated load profile. 
 
In (1) only the cumulative error of active power is shown, but it can be evaluate also for the reactive power. 
The value of Ce (ns) is used to ask for a user feedback. In fact, if it is greater than a given threshold, Ce,min, it means 
that the final status Sa(ns) vector, coming from the application of PQ- DA (Forward Algorithm) contains some 
wrong values. In this case, we ask the user to provide right information about the status of some appliances, by 
means of the “Check status” feedback. The output of this feedback is a correct status vector, named Sa’(ns). This 
information is used to perform disaggregation algorithm (Back Algorithm), starting from the final corrected status to 
the initial status Sa(1).  
The flowchart in Fig. 2 shows the interaction between PQ-DA and the user’s feedback.  
 
 
Fig. 2 Flowchart of the PQ DA with the Feedback Algorithm 
4. GUI Interface description and numerical results 
The Global load profile generation, the PQ – DA, and the Feedback Algorithm have been implemented in the 
Matlab programming environment. Specifically, MATLAB® /GUI based interface has been developed to handle to 
manager input and output of disaggregation system. 
The numerical results relative to a given example will be shown by means of the GUI screen shots. The parameters 
of the example are: na = 10, ns = 500. In Table 1 there are the list of the characteristics of 10 appliances, they have 
been generated randomly with the following constraints: 10 < P (W) < 100 and 0.5 < cos (ϕ) < 1.  
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Table 1 RATING OF APPLIANCES 
Appliance P(W) Q(VAr) cos(ϕ) 
1 43 10,77 0.97 
2 44 68,58 0.54 
3 37 56,18 0.55 
4 36 22,31 0.85 
5 33 36,56 0.67 
6 52 69,33 0.60 
7 99 166,9 0.51 
8 45 42,13 0.73 
9 95 133,4 0.58 
10 25 9,88 0.93 
 
For sake of simplicity, in this numerical analysis, only ON-OFF appliances are considered, whereas in the PQ – DA 
also multi-state loads are included.  
The graphical interfaces of home page is illustrated in Fig.3, where the following sections can be detected: “Input”, 
“Random Load Profile”, “Disaggregation” and, “Quantitative Evaluation Nialm Algorithm”. In the same page, the 
graphs of generated and disaggregated load profiles are shown. 
 
 
Fig. 3 Screen shots of the Graphical Interface: NIALM GUI 
By means of the FEEDBACK ACTION button, it is possible to move to the next page, shown in Fig. 4. The 
graphical interface consists in the following sections: “Feedback Action”, and “Output results”. In Feedback Action 
section, the type of Feedback action can be selected, that is: total feedback or partial feedback. In the first case, it is 
possible to change the status of all the appliances coming from the application of PQ- DA (Forward Algorithm), 
instead, in the second case only the status of several appliances is changed. The algorithm implements a criterion of 
choice, i.e. it provides a list of candidate appliances to change their status. 
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Fig. 4 Screen shots of the Graphical Interface: Feedback GUI. 
Results of PQ-DA, using a Feedback Algorithm, demonstrate that errors can be compensated. In Fig. 5 are shown: 
the cumulative error (Fig. 5 (a)), defined in (1), and the GLPg and GLPd using Feedback Algorithm (Fig. 5 (b)). It is 
possible to note that the error coming from the application of PQ- DA (Forward Algorithm) is greatly reduced after 
the application of the Feedback Algorithm. 
 
Fig. 5 Output Results after Feedback Algorithm application 
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5. Conclusions 
In this paper, we have proposed a novel architecture for the disaggregation of electrical load demand. Our approach 
joins the advantages of a simple load signature with the active role played by the users of such systems by means of 
feedback functions. 
A simulation tool and a GUI interface have been developed to test extensively PQ-DA under different load profiles 
(stochastic generation) and to check the effectiveness of user’s feedback to reduce the disaggregation errors.  
As matter of fact, it has been verified numerically that the active role played by users is crucial to get an efficient 
disaggregation. 
However, it is worth investigating ad hoc algorithms (e.g. Hidden Markov Model - HHM) that are able to 
characterize the appliances’ profile before the load disaggregation, in this way, the information requested to the 
users can be less crucial.  
Future work will be about applying NIALM system in a real scenario, and then increasing the number of monitored 
users in such a way to perform a comparison among users with similar characteristics. The comparison results, 
shown to the users by means of dedicated web site, could activate a positive competition among them to stimulate an 
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